An intriguing open question is whether measurements derived from Big Data recording human activities can yield high-fidelity proxies of socio-economic development and well-being. Can we monitor and predict the socioeconomic development of a territory just by observing the behavior of its inhabitants through the lens of Big Data? In this paper, we design a data-driven analytical framework that uses mobility measures and social measures extracted from mobile phone data to estimate indicators for socioeconomic development and well-being. We discover that the diversity of mobility, defined in terms of entropy of the individual users' trajectories, exhibits (i) significant correlation with two different socio-economic indicators and (ii) the highest importance in predictive models built to predict the socio-economic indicators. Our analytical framework opens an interesting perspective to study human behavior through the lens of Big Data by means of new statistical indicators that quantify and possibly "nowcast" the well-being and the socio-economic development of a territory.
Introduction
Big Data, the masses of digital breadcrumbs produced by the information technologies that humans use in their daily activities, allow us to scrutinize individual and collective behavior at an unprecedented scale, detail, and speed. Building on this opportunity we have the potential capability of creating a digital nervous system of our society, enabling the measurement, monitoring and prediction of relevant aspects of the socio-economic structure in quasi real time [23] . An intriguing question is whether and how measurements made on Big Data can yield high-fidelity proxies of socio-economic development and well-being. Can we monitor and possibly predict the socio-economic development of our societies just by observing human behavior, like human movements and social relationships, through the lens of Big Data?
This fascinating question, also stimulated by the United Nations in recent reports [2, 30] , has attracted the interest of researchers from several disciplines, who started investigating the relations between human behavior and economic development based on large experimental datasets collected for completely different purposes [17, 38] . As a first result along this line a seminal work exploited a nationwide mobile phone dataset to discover that the diversity of social contacts of the inhabitants of a municipality is positively associated with a socio-economic indicator of poverty, independently surveyed by the official statistics institutes [17] . This result suggests that social behavior, to some extent, is a proxy for the economic status of a given territory. However, little effort has been put in investigating how human mobility affects, and is affected by, the socio-economic development of a territory. Theoretical works suggest that human mobility is related to economic well-being, as it could nourish economy and facilitate flows of people and goods, whereas constraints in the possibilities to move freely can diminish economic opportunities [33] . So, it is reasonable to investigate the role of human mobility with respect to the socio-economic development of a given territory.
In this paper we design a data-driven analytical framework that uses Big Data to extract meaningful measures of human behavior and estimate indicators for the socioeconomic development. The analytical framework we propose is repeatable for different countries and geographic scales since it is based on mobile phone data, the so-called CDRs (Call Detail Records) of calling and texting activity of users. Mobile phone data, indeed, can be retrieved in every country due to their worldwide diffusion [7] : There are 6.8 billion mobile phone subscribers today over 7 billion people on the planet, with a penetration of 128 % in the developed world and 90 % in developing countries. Moreover, CDR data have proven to be a hi-fi proxy for individuals' movements and social interactions [24, 41] .
We apply our analytical framework on large-scale mobile phone data-20 million users and 5.7 billions callsand quantify the relations between human mobility, social interactions and economic development in France using municipality-level official statistics as external comparison measurements. We first define four individual measures derived from mobile phone data which describe different aspects of individual human behavior: the volume of mobility, the diversity of mobility, the volume of sociality and the diversity of sociality. Though just a subset of the many possible behavioral aspects that can be extracted from mobile phone data, the four measures we consider in this paper are widely accepted by the scientific community and have been proven to capture important aspects of both human mobility [18, 24, 47, 59] and social relationships [3, 4, 17] . Each individual measure is computed for every user in our dataset based on locations and calls as recorded in the mobile phone data. In a second stage, we aggregate the four individual measures at the level of French municipalities and explore the correlations between the four measures and two external indicators of socio-economic development. We find that the average mobility diversity of individuals resident in the same municipality exhibits a superior correlation degree with the socio-economic indicators. We confirm these results against two different null models, an observation that allows us to reject the hypothesis that our discovery occurred by chance.
Next, we build regression and classification models to predict the external socio-economic indicators from the population density and the social and mobility measures aggregated at municipality scale. We show that the diversity of human mobility significantly adds a predictive power in both regression and classification models, substantially more than the diversity of social contacts and demographic measures such as population density, a factor that is known to be correlated with the intensity of human activities [42, 62] . The importance of this finding is twofold. On one side, it offers a new stimulus to social research: Diversity is a key concept not only for natural ecosystems but also for the social ecosystems, and can be used to better understand the complexity of our interconnected society. On the other side, our results reveal the high potential of Big Data in providing representative, relatively inexpensive and readily available measures as proxies of socio-economic development. Our analytical framework opens an interesting perspective to engineer official statistics processes to monitor human behavior through mobile phone data. New statistical indicators can be defined to describe and possibly "nowcast" the economic status of a territory, even when such measurements would be impossible using traditional censuses and surveys [2, 30] .
The paper is organized as follows. Section 2 revises the scientific literature relevant to our topic, Sect. 3 describes the proposed data-driven analytical framework. In Sects. 4, 5 and 6 we apply our analytical framework on a nationwide mobile phone dataset covering several weeks of call activity in France. We introduce the mobile phone data in Sect. 4.1, the measures of individual mobility behavior and individual social behavior in Sect. 4.2, and the computations of the measures on a nation-wide mobile phone dataset in Sect. 4.3. In Sect. 5 we describe the results of the correlation analysis and validate them against two null models. In Sect. 6 we present and validate predictive models for socio-economic development. In Sect. 7 we discuss the results and finally Sect. 8 concludes the paper describing the opportunities and the challenges that arise from our research.
Related work
The interest around the analysis of Big Data, which provide nowadays the possibility to study human behavior at both individual and collective level, has infected all branches of human knowledge, from economy [49] , to human mobility [47] , social networks [4] and even sports [11, 12] . In this section we briefly revise the existing work on Big Data analytics relevant to our work. We first summarize the main results on human mobility and social network analysis, and then revise the studies on Big Data analytics for the estimation of wellbeing.
Human mobility and complex networks Studies from different disciplines document a stunning heterogeneity of human travel patterns [24, 44] , and at the same time observe a high degree of predictability [18, 59] . The patterns of human mobility have been used to build generative models of individual human mobility and human migration flows [32, 45, 47, 56] , to construct methods for profiling individuals according to their mobility patterns [47] , to discover geographic borders according to recurrent trips of private vehicles [55] , or to predict the formation of social ties [10, 61] , and to predict the kind of activity associated to individuals' trips on the only basis of the observed displacements [31, 35, 54] . There are widely accepted mobility models and measures, e.g., radius of gyration [24, 47] , mobility entropy [48, 59] , individual mobility networks [31, 54] and origindestination matrices [55] , that can be used to study different aspects of both individual and collective mobility. In the context of social network analysis, the observation of social interactions data provided by emails, mobile phones, and social media allowed to reveal the complexity underlying the social structure [4] : Hubs exist in our social networks that strongly contribute to the so-called small world phenomenon [3] , and social networks are found to have a tendency to partition into social communities, i.e., clusters of densely connected sets of individuals [19] . There are a large number of both individual and global network features, such as degree, social diversity and clustering coefficient to name a few [40] , that can be used to study the structure and the evolution of social relationships.
Big data for official statistics The last few years have also witnessed a growing interest around the usage of Big Data to support official statistics in the measurement of individual and collective well-being [14, 60] . Even the United Nations, in two recent reports, stimulate the usage of Big Data to investigate the patterns of phenomena relative to people's health and well-being [2, 30] . The vast majority of works in the context of Big Data for official statistics are based on the analysis of mobile phone data, the so-called CDRs (Call Detail Records) of calling and texting activity of users. Mobile phone data, indeed, guarantee the repeatability of experiments in different countries and on different scales as they, nowadays, can be retrieved in every country given the worldwide diffusion of mobile phones [7] . A set of recent works use mobile phone data as a proxy for sociodemographic variables. Deville et al., for example, show how the ubiquity of mobile phone data can be exploited to provide accurate and detailed maps of population distribution over national scales and any time period [16] . Brea et al. study the structure of the social graph of mobile phone users in Mexico and propose an algorithm for the prediction of the age of mobile phone users [9] . Another recent work uses mobile phone data to study inter-city mobility and develop a methodology to detect the fraction of residents, commuters and visitors within each city [21] .
A lot of effort has been put in recent years on the usage of mobile phone data to study the relationships between human behavior and collective socio-economic development. The seminal work by Eagle et al. analyzes landline calls and a nationwide mobile phone dataset to shows that, in the UK, regional communication diversity is positively associated with a socio-economic ranking [17] . Gutierrez et al. address the issue of mapping poverty with mobile phone data through the analysis of airtime credit purchases in Ivory Coast [26] . Blumenstock shows a preliminary evidence of a relationship between individual wealth and the history of mobile phone transactions [8] . Decuyper et al. use mobile phone data to study food security indicators finding a strong correlation between the consumption of vegetables rich in vitamins and airtime purchase [15] . Frias-Martinez et al. analyze the relationship between human mobility and the socio-economic status of urban zones, presenting which mobility indicators correlate best with socio-economic levels and building a model to predict the socio-economic level from mobile phone traces [20] . Pappalardo et al. analyze mobile phone data and extract meaningful mobility measures for cities, discovering interesting correlation between human mobility aspects and socio-economic indicators [48] . Lotero et al. analyze the architecture of urban mobility networks in two Latin-American cities from the multiplex perspective. They discover that the socio-economic characteristics of the population have an extraordinary impact in the layer organization of these multiplex systems [37] . Amini et al. use mobile phone data to compare human mobility patterns of a developing country (Ivory Coast) and a developed country (Portugal). They show that cultural diversity in developing regions can present challenges to mobility models defined in less culturally diverse regions [1] . Smith-Clarke at al. analyze the aggregated mobile phone data of two developing countries and extract features that are strongly correlated with poverty indexes derived from official statistics census data [57] . Other recent works use different types of mobility data, e.g., GPS tracks and market retail data, to show that Big Data on human movements can be used to support official statistics and understand people's purchase needs. Pennacchioli et al. for example provide an empirical evidence of the influence of purchase needs on human mobility, analyzing the purchases of an Italian supermarket chain to show a range effect of products: The more sophisticated the needs they satisfy, the more the customers are willing to travel [50] . Marchetti et al. perform a study on a regional level analyzing GPS tracks from cars in Tuscany to extract measures of human mobility at province and municipality level, finding a strong correlation between the mobility measures and a poverty index independently surveyed by the Italian official statistics institute [38] .
Position of our work Despite an increasing interest in this field of research, a review of the state-of-the-art cannot avoid to notice that there is no unified methodology to exploit Big Data for official statistics. It is also surprising that widely accepted measures of human mobility (e.g., radius of gyration [24] and mobility entropy [59] ) have not been used so far. We overcome these issues by providing an analytical framework as support for official statistics, which allows for a systematic evaluation of the relations between relevant aspects of human behavior and the development of a territory. Moreover, our paper shows how standard mobility measures, not exploited so far, are powerful tools for official statistics purposes.
The analytical framework
Our analytical framework is a knowledge and analytical infrastructure that uses Big Data to provide reliable measurements of socio-economic development, aiming at satisfying the increasing demand by policy makers for continuous and up-to-date information on the geographic distribution of poverty, inequality or life conditions. Figure 1 describes the structure of the framework, highlighting the complexity of the nowcasting process: between data and predictions, many complex steps are required to transform Big Data into reliable estimates for a municipality's socio-economic development. The analytical framework is based on mobile phone data, which guarantee the repeatability of the process for deployment in different countries and geographical scales. In particular the CDRs, generally collected by mobile phone operators for billing and operational purposes, contain an enormous amount of information on how, when, and with whom people communicate. This wealth of information allows to capture different aspects of human behavior and stimulated the creativity of scientists from different disciplines, who demonstrated that CDRs are a high-quality proxy for studying individual mobility and social ties [24, 41] .
Starting from the collected mobile phone data ( Fig. 1a ) a set of measures are computed which grasp the salient aspects of individuals' mobility and social behavior (Fig. 1b ). This step is computationally expensive when the analytical framework is applied on massive data such as the CDRs of an entire country for a long period. To parallelize the computations and speed up the execution a distributed processing platform can be used such as Hadoop (see Sect. 4.3). A wide set of mobility and social measures can be computed during this phase, and the set can be enlarged with new measures as soon as they are proven to be correlated with socio-economic development aspects of interest. In Sect. 4.2 we propose, as an example, a set of standard measures of individual mobility and sociality and show how they can be computed on mobile phone data.
As generally required by policy makers, official statistics about socio-economic development are available at the level of geographic units, e.g., regions, provinces, municipalities, districts or census cells. Therefore, the individuals in the dataset have to be mapped to the corresponding territory of residence, in order to perform an aggregation of the individual measures into a territorial measure ( Fig. 1c, d ). When the city of residence or the address of the users is available in the data, this information can be easily used to assign each 
Every time a user makes a call, a record is created with timestamp, the phone tower serving the call, the caller identifier and the callee identifier (a). For each tower, the latitude and longitude coordinates are available to map the tower on the territory (b)
individual to corresponding city of residence. Unfortunately these socio-demographic data are generally not available in mobile phone data for privacy and proprietary reasons. This issue can be solved, with a certain degree of approximation, by inferring the information from the data source. In literature the phone tower where a user makes the highest number of calls during nighttime is usually considered her home phone tower [51] . Then with standard Geographic Information System techniques it is possible to associate the phone tower to its territory (see Sect. 4.3).
The obtained aggregated measures are compared with the external socio-economic indicators to perform correlation analysis and learn predictive models (Fig. 1e ). The predictive models can be aimed at predicting the actual value of socioeconomic development of the territory, e.g., by regression models (Sect. 6.1), or to predict the class of socio-economic development, i.e., the level of development of a given geographic unit as done by classification models (Sect. 6.2). Finally, the predictions produced by the models are the output of the analytical framework (Fig. 1f ). The measures, the territorial aggregation and the predictive models can be updated every time new mobile phone data become available. This provides policy makers with up-to-date estimates of the socio-economic situation of a given territory, in contrast to indicators produced by official statistics institutes which are generally released after several months or even once a year.
In the following sections we apply the proposed analytical framework on a large-scale nation-wide mobile phone dataset and describe its implementation step by step: from the definition of measures on the data (Sects. 4.1 and 4.2), to their computation and territorial aggregation (Sect. 4.3), and the construction of predictive models (Sects. 5.1, 6.1 and 6.2).
Measuring human behavior
We now discuss steps (a), (b) and (c) in Fig. 1 , presenting the experimental setting consisting in the computation of the individual measures on the data and their aggrega-tion at territorial level. First, we describe the mobile phone data we use as proxy for individual behavior, together with details about data preprocessing (Sect. 4.1). Then we define the individual measures capturing diverse aspects of individual mobility and social behavior (Sect. 4.2). Finally we show how we compute the individual measures and aggregate them at municipality level (Sect. 4.3).
Mobile phone data
We have access to a set of CDRs gathered for billing and operational purposes by mobile phone operator Orange. The dataset records the geographic location of 87,000 phone towers and 5.7 billion calls made during 45 days by 20 million anonymized mobile phone users, resulting in a total size of 900 GB of information. CDRs collect geographical, temporal and interaction information on mobile phone use and show an enormous potential to empirically investigate human dynamics on a society wide scale [28] . Each time an individual makes a call the mobile phone operator registers the connection between the caller and the callee, the duration of the call and the coordinates of the phone tower communicating with the served phone, allowing to reconstruct the user's time-resolved trajectory. Table 1 illustrates an example of the structure of CDRs.
CDR data have been extensively used to study human mobility due to the following advantages: They provide a means of sampling user locations at large population scales; they can be retrieved for different countries and geographic scales given their worldwide diffusion; they provide an objective concept of location, i.e., the phone tower. Nevertheless, it is worth noting that CDRs suffer different types of bias [29, 53] , such as: (i) the position of an individual is known at the granularity level of phone towers; (ii) the position of an individual is known only when she makes a phone call; and (iii) phone calls are sparse in time, i.e., the time between consecutive calls follows a heavy tail distribution [5, 24] . In other words, since individuals are inactive most of their time, CDRs allow to reconstruct only a subset of the mobility of an individual. Several works in literature study the bias in CDR data by comparing the mobility patterns observed on CDR data to the same patterns observed on GPS data [43, 44, 46, 47] or handover data (data capturing the location of mobile phone users recorded every hour or so) [24] . The studies agree that the bias in CDR data does not affect significantly the study of human mobility patterns.
In order to cope with sparsity in time of CDR data and focus on individuals with reliable statistics we carry out some preprocessing steps. First, we select only users with a call frequency higher than the threshold f = N /D > 0.5, where N is the number of calls made by the user and D = 45 days is the length of our period of observation. In practice, we delete all the users with less than one call every two days (in average over the observation period).
Second, we reconstruct the mobility trajectories and the social network of the filtered users. We reconstruct the trajectory of a user based on the time-ordered list of cell phone towers from which she made her calls during the period of observation (see Fig. 2 ). We then translate the CDR data into a social network representation by linking two users if at least one reciprocated pair of calls exists between them during the period of observation (i.e., A called B and B called A). This procedure eliminates a large number of one-way calls, most of which correspond to isolated events and do not represent meaningful communications [41] . Figure 3 shows a fraction of the social network centered on a single user. The resulting dataset contains the mobility trajectories of 6 million users and a call graph of 33 million edges.
Measure definition
We introduce two measures of individual mobility behavior and two measures of individual social behavior, studying them in two aspects: volume and diversity (see Table 2 ). We define two measures that capture aspects of individual social interactions: social volume (SV), the number of social contacts of an individual; and social diversity (SD), the diversification of an individual's calls over the social contacts. Within a social network, we can express the volume of social interactions by counting the amount of links an individual possesses with others. This simple measure of connectivity is widely used in network science and is called the degree of an individual [40] . In a call graph the degree of an individual is the number of different individuals who are in contact by mobile phone calls with her. We can therefore see the degree as a proxy for the volume of sociality for each individual:
The degree distribution is well approximated by a power law function denoting a high heterogeneity in social networks with respect to the number of friendships [34, 41] . The social diversity of an individual u quantifies the topological diversity in a social network as the Shannon entropy associated with her communication behavior [17] :
and V u,v is the number of calls between individual u and individual v during the period of observation. SD is a measure for the social diversification of each individual according to its own interaction pattern. In a more general way, individuals who always call the same few contacts reveal a low social diversification resulting in lower values for SD, whereas individuals who distribute their calls among many different contacts show high social diversification, i.e., higher SD. The distribution of SD across the population is peaked, as measured in CDRs and landlines data [17] . Starting from the mobility trajectories of an individual we define two measures to describe individual mobility: mobility volume (M V ), the characteristic traveled distance of an individual, and mobility diversity (M D), the diversification of an individual's movements over her locations. The radius of gyration [24] provides with a measure of mobility volume, indicating the characteristic distance traveled by an individual (see Fig. 4 ). In detail, it characterizes the spatial spread of the phone towers visited by an individual u from the trajectories' center of mass (i.e., the weighted mean point of the phone towers visited by an individual), defined as:
where L is the set of phone towers visited by the individual u, n i is the individual's visitation frequency of phone tower i, N = i∈L n i is the sum of all the single frequencies, r i and r cm are the vectors of coordinates of phone tower i and center of mass, respectively. It is known that the distribution of the radius of gyration reveals heterogeneity across the population: most individuals travel within a short radius of gyration but others cover long distances on a regular basis, as measured on CDR data and GPS data [24, 44] . 
where e = (a, b) represents a trip between an origin phone tower and a destination phone tower, E is the set of all the possible origin-destination pairs, p(e) is the probability of observing a movement between phone towers a and b, and N is the total number of trajectories of individual u (Fig. 5 ). Analogously to SD, MD is high when a user performs many different trips from a variety of origins and destinations; M D is low when a user performs a small number of recurring trips. Seen from another perspective, the mobility diversity of an individual also quantifies the possibility to predict individual's future whereabouts. Individuals having a very regular movement pattern possess a mobility diversity close to zero and their whereabouts are rather predictable. Conversely, individuals with a high mobility diversity are less predictable. It is known that the distribution of the mobility diversity is peaked across the population and very stable across different social groups (e.g., age and gender) [59] .
Clearly, there are many other behavioral aspects that can be derived from mobile phone data and studied in relation to socio-economic development. As a first sample of mobility measures, we propose radius of gyration and mobility entropy for two reasons: (i) They have been extensively studied in literature [18, 24, 44, 47, 59] ; (ii) it is not clear which of the two mobility measures better correlates with individual and collective well-being. As a first sample of sociality measures, we choose the network degree since it provides a clear and simple measurement of an individual's social engagement. Moreover, we choose social diversity because it is known to correlate with indicators of socio-economic development at territorial level [17] . This provides us ground for comparison between the predictive power of mobility and behavior and the predictive power of social behavior. The set of measures can be extended by including novel measures as soon as they are proposed to describe different aspects of individual human behavior.
Measure computation
We implement step (b) in Fig. 1 by computing the four behavioral measures for each individual on the filtered CDR data. Due to the size of the dataset (900 GB), for the computations we use a Hadoop cluster of five Linux servers, each one possessing a quadri-core processor and 2 Terabyte of hard drive. We use the Apache Ambari distribution to manage and monitor the Hadoop cluster and to perform distributed storage and processing on the mobile phone dataset. 1 We find no relationship between the mobility and the social measures at individual level: The correlation between SV and MV, as well as the correlation between the SD and the MD, is close to zero. This suggests that the mobility measures and the sociality measures capture different aspects of individual behavior.
We apply step (c) in Fig. 1 by aggregating the individual measures at the municipality level through a two-step process: (i) We assign to each user a home location, i.e., the phone tower where the user performs the highest number of calls during nighttime (from 10 p.m. to 7 a.m.) [51] ;
(ii) based on these home locations, we assign each user to the corresponding municipality with standard Geographic Information Systems techniques. Figure 6 shows the spatial distribution of Orange users in French municipalities. We aggregate the SV, SD, MV and MD at municipality level by taking the mean values across the population of users assigned to that municipality. We obtain 5, 100 municipalities each one with the associated four aggregated measures.
Correlation analysis
Here we realize step (d) in Fig. 1 and study the interplay between human mobility, social interactions and socioeconomic development at municipality level. First, in Sect. 5.1 we introduce the external socio-economic indicators and investigate their correlation between the behavioral measures aggregated at municipality level. Then in Sect. 5.2 we compare the results with two null models to reject the hypothesis that the correlations appear by chance.
Human behavior versus socio-economic development
As external socio-economic indicators, we use a dataset provided by the French National Institute of Statistics and Economic Studies (INSEE) about socio-economic indicators for all the French municipalities with more than 1,000 official residents. We collect data on population density (P D) and two socio-economic indicators: per capita income (PC I ) and deprivation index (D I ) ( Fig.14) . PC I measures the average wealth of individuals living in a municipality, i.e., the sum of the incomes gained by the residents of a given municipality divided by the number of residents. Due to its simplicity, PC I does not capture important aspects of well-being such as income inequality, costs, environmental impacts, sustainability, and quality of life in general [13] . For this reason, we also collect for every municipality its European Deprivation Index (D I ), which is constructed by combining several variables reflecting individual experience of deprivation such as overcrowding, no access to a car or electric heating, unemployment, and low education level. The different variables are combined into a single score by a linear combination with specific choices for coefficients (see "Appendix 1") [52] . Therefore deprivation index is a composite index: The higher its value, the lower is the well-being of the municipality. Preliminary validation showed a high association between the French deprivation index and both income values and education level in French municipalities, partly supporting its ability to measure socioeconomic development and well-being [52] . Fig. 6 The spatial distribution of users over French municipalities with more than 1000 official residents. Each user is assigned to a municipality according to the geographic position of her home location. The color of municipalities, in a gradient from blue to red, indicates the number of Orange users assigned to that municipality (normalized in the interval [0, 1]) (Color figure online) We investigate the correlations between the aggregated measures and the external socio-economic indicators finding two main results. First, the social volume is not correlated with the two socio-economic indicators (Fig. 7c, d) , while mobility volume is correlated with per capita income (Fig. 7b ). Second, we find that mobility diversity is a better predictor for socio-economic development than social diversity. Figure 7e -h shows the relations between diversity measures and socio-economic indicators. For mobility diversity clear tendencies appear: As the mean mobility diversity of municipalities increases, deprivation index decreases, while per capita income increases (Fig. 7e, f) . Social diversity, in contrast, exhibits a weaker correlation with the deprivation index than mobility diversity and no correlation with per capita income (Fig. 7g, h) . Figure 8 provides another way to observe the relations between the diversity measures and socio-economic development. We split the municipalities in ten deciles according to the values of deprivation index. For each decile we compute the distributions of mean mobility diversity and mean social diversity across the municipalities in that decile. For mobility diversity the deciles of the economic values increase, while the mean decreases and the variance increases, highlighting a change of the distribution in the different groups. This is consistent with the observation made in the plots of Fig. 7e . Conversely, for social diversity distribution we do not observe a significant change in the mean and the variance. The observed variation of the mobility diversity distribution in the different deciles is an interesting finding when compared to previous works such as Song et al. [58] which states that mobile predictability is very stable across different subpopulations delineated by personal characteristics like gender or age group. Figures 7 and 8 suggest us that the diversity of human mobility aggregated at municipality level is better associated with the socio-economic indicators than with socio-demographic characteristics.
The relation between mobility diversity and deprivation index is stronger and more evenly distributed over the different levels of deprivation index for municipalities.
Validation against null models
In order to test the significance of the correlations observed on the empirical data we compare our findings with the results produced by two null models.
In null model NM1 we randomly distribute the users over the French municipalities. We first extract uniformly N users Fig. 7 The relation between the aggregated diversity measures and the socio-economic indicators: a mobility volume vs deprivation index; b mobility volume vs per capita income; b social volume vs deprivation index; d social volume vs per capita income; e mobility diversity vs deprivation index; f mobility diversity vs per capita income; g social diversity vs deprivation index; h social diversity vs per capita income. The color of a point indicates, in a gradient from blue to red, the den-sity of points around it. We split the municipalities into ten equal-sized groups according to the deciles of the measures on the x axis. For each group, we compute the mean and the standard deviation of the measures on the y axis and plot them through the black error bars. ρ indicates the Pearson correlation coefficient between the two measures. In all the cases the p value of the correlations is <0.001 (Color figure online) from the dataset and assign them to a random municipality with a population of N users. We then aggregate the individual diversity measures of the users assigned to the same municipality. We repeat the process 100 times and take the mean of the aggregated values of each municipality produced in the 100 experiments. In null model NM2 we randomly shuffle the values of the socio-economic indicators over the municipalities. We perform this procedure 100 times and take, for each municipality, the mean value of the socio-economic indicators computed over the 100 produced values.
In contrast with empirical data we find no correlation in the null models between the diversity measures and the socio-economic indicators, neither for mobility diversity nor for social diversity (Fig. 9) . We obtain the same zero correlation when performing the null models on the two volume measures. Such a clear difference between the correlations observed over empirical data and the absence of correlations in observations on randomized data allows us to reject the hypothesis that our findings are obtained by chance.
Predictive models
In this section, we instantiate step (e) in Fig. 1 by learning and validating both regression models (Sect. 6.1) and classification models (Sect. 6.2) to predict the external socio-economic indicators from the aggregated measures. 2
Regression models
To learn more about the relationship between the aggregated measures and the socio-economic indicators we implement two multiple regression models M1 and M2. We use deprivation index as dependent variable in model M1 and per capita income as dependent variable for model M2. The four aggregated measures and population density serve as regressors for both models. We determine the regression line using the least squared method. The model M1 for deprivation index Fig. 8 The distribution of mobility diversity (a) and social diversity (b) in the deciles of deprivation index. We split the municipalities into ten equal-sized groups computed according to the deciles of deprivation index. For each group, we plot the distributions of mean mobility diversity and mean social diversity. The blue dashed curve is a fit of the distribution, and the red dashed line is the mean of the distribution (Color figure online) 
(a) (b)
produces a coefficient of determination R 2 = 0.43, meaning that regressors explain 43 % of the variation in the deprivation index. The model M2 for per capita income explains 25 % of the variation in the per capita income producing a coefficient of determination R 2 = 0.25. Tables 3 and 4 show the coefficients of the regression equations, the standard error of the coefficients and the p values of the regressors for model M1 and model M2, respectively. For both model M1 and M2 we have verified the absence of multicollinearity between the regressors, the normality and the homoscedasticity of regression residuals. We quantify the contribution of each regressor to the multiple regression model by computing a relative importance metric [25] . Figure 10 shows the relative importance of regressors produced by the LMG method [36] for both model M1 and model M2. We observe that mobility diversity holds the highest contribution to the regressions, accounting for 54 and 65 % of the importance for M1 and M2, respectively, while social diversity provides only a small contribution (0.7 % for M1 and 0.3 % for M2). Population density provides an important contribution in both models, and mobility volume is an important variable to model M2 only (20 % of the variance).
To validate the models we implement a cross-validation procedure by performing 1,000 experiments. In each experiment we randomly divide the dataset of municipalities into a training set (60 %) and a test set (40 %), compute model M1 and model M2 on the training set, and apply the obtained models on the test set. We evaluate the performance of the models on the test set using the root mean square error R M S E = n i (ŷ i − y i ) 2 )/n, whereŷ i is the value predicted by the model and y i the actual value in the test set, and computing the CV(RMSE), i.e., the RMSE normalized to the mean of the observed values. Figure 11 shows the variation of adjusted R 2 and C V (R M S E) across the 1000 experiments. We observe that the adjusted R 2 of the models Fig. 9 The relation between the socio-economic indicators and the diversity measures computed on null model NM1 (a-d) and null model NM2 (e-h). The color of a point indicates, in a gradient from blue to red, the density of points around it. We split the municipalities into ten equal-sized groups according to the deciles of the measures on the x axis. For each group, we compute the mean and the standard deviation of the measure on the y axis (the black error bars) (Color figure online) The coefficients column specifies the value of slope calculated by the regression. The std. error column measures the variability in the estimate for the coefficients. The p value column shows the probability the variable is not relevant is stable across the experiments (Fig. 11a, c) and that the error of prediction is low for both models and lower for model M1 (deprivation index). Finally, we compare the actual values of socio-economic indicators with the values predicted by the models by computing the relative error, i.e., for each municipality i we compute (ŷ i − y i )/y i . We observe that the mean relative error computed across the municipalities is close to zero for both model M1 and model M2 (Fig. 12 ). The coefficients column specifies the value of slope calculated by the regression. The std. error column measures the variability in the estimate for the coefficient. The p value column shows the probability the variable is not relevant
We also implement generalized nonlinear models (GNM) and nonlinear least squares (NLS) to predict D I and PC I , observing no significant difference in terms of residual standard error with respect to model M1 and model M2 (see "Appendix 2").
Classification models
Here, instead of predicting the value of deprivation or per capita income of municipalities we want to classify the level Fig. 10 The relative importance of the aggregated measures in the multiple regression models M1 (a) and M2 (b). We use the Lindeman, Merenda and Gold (LMG) method [36] to quantify an individual regressor's contribution to the model. We observe that mobility diversity is the most important variable with a contribution of about 54 and 65 % for model M1 and M2, respectively of socio-economic development of municipalities. To this purpose we build two supervised classifiers C1 and C2 that assign each municipality to one of three possible categories: low level, medium level or high level of deprivation index (classifier C1) or per capita income (classifier C2). To transform the two continuous measures deprivation index and per capita income into discrete variables we partition the range of values using the 33th percentile of the distribution. This produced, for each variable to predict, three equal-populated classes. We perform the classification using Random Forest classifiers on a training set (60 % of the dataset) and validate the results on a test set (40 % of the dataset). Classifier C1 for deprivation index reaches an overall accuracy of 0.61, while the overall accuracy of classifier C2 for Recall is the number municipalities for which the classifier predicts the correct class divided by the number of municipalities in that class. Precision is the number of municipalities for which the classifier predicts the correct class divided by the number of municipalities the classifier predicts to be in that class. We observe that the class 'high' is the best predicted class (the corresponding results are in bold in the table) per capita income is 0.54, against a random case accuracy of 0.33. Table 5 shows precision, recall and overall accuracy reached by classifier C1 and classifier C2 on the three classes of socio-economic development. For both models, we achieve the highest recall and precision for the 'high' class ( Table 5 ).
We also evaluate the importance of every aggregated measure in classifying the level of socio-economic development of municipalities, using the Mean Decrease Gini measure. Similarly to the Relative Importance metrics for the regression models, in both classifier C1 and classifier C2 the mobility diversity has the highest importance, followed by population density (Fig. 13 ).
Discussion of results
The implementation of the analytical framework on mobile phone data produces three remarkable results.
First, the use of the measures of mobility and social behavior together with the standard and commonly available socio-demographic information actually adds predictive power with respect to the external indicators. Indeed, while a univariate regression that predicts deprivation index from Fig. 13 The mean decrease in Gini coefficient of the variables used to learn the classifiers, for deprivation index (a) and per capita income (b). The mean decrease in Gini coefficient is a measure of how each variable contributes to the homogeneity of nodes and leaves in the resulting random forest classifier population density is able to explains only 11 % of the variance, we can explain 42 % of the variance by adding the four behavioral measures extracted from mobile phone data (see Table 3 ). This outcome suggests that mobile phone data are able to provide precise and realistic measurements of the behavior of individuals in their complex social environment, which can be used within a knowledge infrastructure like our analytical framework to monitor socio-economic development.
Second, the diversification of human movements is the most important aspect for explaining the socio-economic status of a given territory, far larger than the diversification of social interactions and demographic features like population density. This result, which is evident from both the correlations analysis and the contribution of mobility diversity in the models (Figs. 7, 10, 13) , is also important for practical reasons. Mobile phone providers do not generally release, for privacy reasons, information about the call interactions between users, i.e., the social dimension. Our result shows that this is a marginal problem since the social dimension has a lower impact to the quality of the models than the mobility dimension ( Figs. 10, 13 ). Hence, the implementation of our analytical framework guarantees reliable results even when the social dimension is not available in the data.
The interpretation of the observed relation between mobility diversity and socio-economic indicators is, without a doubt, two-directed. It might be that a well-developed territory provides for a wide range of activities, an advanced network of public transportation, a higher availability and diversification of jobs, and other elements that foster mobility diversity. As well as it might be that a higher mobility diversification of individuals lead to a higher socio-economic development as it could nourish economy, establish economic opportunities and facilitate flows of people and goods. In any case this information is useful for policy makers, because a difference in the diversification of individual movements is linked to a difference into the socio-economic status of a territory.
Third remarkable result is that our regression and classification models exhibit good performance when used to predict the socio-economic development of other municipalities, whose data where not used in the learning process ( Fig. 11 ; Table 5 ). This result is evident from the crossvalidation procedure: The accuracy and the prediction errors of the models are not dependent on the training and test set selected. The models hence give a real possibility to continuously monitor the socio-economic development of territories and provide policy makers with an important tool for decision making.
Conclusions and future works
In this paper we design an analytical framework that uses mobile phone to extract meaningful measures of human behavior and estimate indicators for socio-economic development. Many steps compose this complex and computationally intensive nowcasting process: data cleaning, behavioral measures computation, user/territory mapping, territorial aggregation of measures, model construction and model evaluation. We apply the analytical framework on a nationwide mobile phone dataset in France covering several weeks and find that the diversification of human movements is the best proxy for indicators of socio-economic development. We know that bio-diversity is crucial to the health of natural ecosystems, that the diversity of opinion in a crowd is essential to answer difficult questions [22] and that the diversity of social contacts is associated with socio-economic indicators of well-being [17] . The story narrated in this paper suggests that diversity is a relevant concept also in mobility ecosystems: The diversity of human mobility may be a reliable indicator of the variety of human activities, and a mirror of some aspects of socio-economic development and well-being.
We are aware that the computation of individual measures on CDR data (step (a) and (b) in Fig. 1 ) present privacy issues. An important next step will be to incorporate a privacy-bydesign approach. We intend to use a method to assess the privacy risk of users in order to detect risk cases where the privacy of users is violated and apply privacy enhancing techniques for data anonymization [39] .
In our experiments we compare the measures of mobility and sociality with two external socio-economic indicators: per capita income and deprivation index. Per capita income is a simple indicator indicating the mean income of individuals resident in a given municipality, without any information about the distribution of the wealth and the inequality. In contrast deprivation index is a composite indicator obtained as linear combination of several different variables regarding economic and ecological aspects (see "Appendix 1"). It would be interesting, as future work, to investigate the relation between the behavioral measures and the socioeconomic development in a multidimensional perspective, using the single variables composing the deprivation index to understand which are the aspects of socio-economic development that best correlate with the measures of human behavior. This multidimensional approach is fostered by recent academic research and a number of concrete initiatives developed around the world [6, 27] which state that the measurement of well-being should be based on many different aspects besides the material living standards (income, consumption and wealth): health, education, personal activities, governance, social relationships, environment, and security. All these dimensions shape people's well-being, and yet many of them are missed by conventional income measures. Official statistics institutions are incorporating questions to capture people's life evaluations, hedonic experiences and priorities in their own surveys (see for example the Italian BES project developed by Italian National Statistics Bureau [6] ). When these measures will become available, they will allow us to refine our study on the relation between measures extracted from Big Data and the socio-economic development of territories.
In the meanwhile, experiences like ours may contribute to shape the discussion on how to measure some of the aspects of socio-economic development with Big Data, such as mobile phone call records, that are massively available everywhere on earth. If we learn how to use such a resource, we have the potential of creating a digital nervous system in support of a generalized and sustainable development of our societies. This is crucial because the decisions of citizens and policy makers depend on what we measure, how good our measurements are and how well our measures are understood. viding the CDR data, Giovanni Lima and Pierpaolo Paolini for the contribution developed during their master theses. We also thank Cezary Ziemlicki for his invaluable support. We are grateful to Carole Pornet and colleagues for providing the socio-economic indicators and for computing the deprivation index for the French municipalities. This work has been partially funded by the following European projects: Cimplex (Grant Agreement 641191), PETRA (Grant Agreement 609042), SoBigData RI (Grant Agreement 654024).
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Appendix 1
As described by Pornet et al. [52] , the value of deprivation index for French municipalities is calculated in the following way: 
Appendix 2
We compare linear regression models M1 and M2 to generalized nonlinear models (GNM) and nonlinear least squares (NLS) to predict both D I and PC I . Table 6 shows the residual standard errors of linear and nonlinear models. We observe that the residual standard errors do not differ significantly and that, in general, nonlinear models perform equal or worse than linear models.
